1. The popularity of species distribution models (SDMs) and the associated stacked 20 species distribution models (S-SDMs), as tools for community ecologists, largely 21 increased in recent years. However, while some consensus was reached about the best 22 methods to threshold and evaluate individual SDMs, little agreement exists on how to 23 best assemble individual SDMs into communities, i.e. how to build and assess S-SDM 24 predictions. 25 2. Here, we used published data of insects and plants collected within the same study 26 region to test (1) if the most established thresholding methods to optimize single 27 species prediction are also the best choice for predicting species assemblage 28 composition, or if community-based thresholding can be a better alternative, and (2) 29 whether the optimal thresholding method depends on taxa, prevalence distribution 30 and/or species richness. Based on a comparison of different evaluation approaches we 31 provide guidelines for a robust community cross-validation framework, to use if 32 spatial or temporal independent data are unavailable. 33 3. Our results showed that the selection of the "optimal" assembly strategy mostly 34 depends on the evaluation approach rather than taxa, prevalence distribution, regional 35 species pool or species richness. If evaluated with independent data or reliable cross-36 validation, community-based thresholding seems superior compared to single species 37 optimisation. However, many published studies did not evaluate community 38 projections with independent data, often leading to overoptimistic community 39 evaluation metrics based on single species optimisation. 40 4. The fact that most of the reviewed S-SDM studies reported over-fitted community 41 evaluation metrics highlights the importance of developing clear evaluation guidelines 42
INTRODUCTION

Single species modelling, thresholding and evaluation
Individual species models were run by generalised linear models (GLM; McCullagh & Nelder -The "community cross-validation" (CCV) approach (Fig. 2) uses a repeated split sampling of sites (100 repetitions) dividing the available sites into calibration (70%) 252 and evaluation sets (30%) to perform all the modelling procedure from the single 253 species prediction to the community assembly (Fig. 2) . In contrast to the previous ID 254 pathway (above) , which only uses one (spatial or temporal) fixed independent 255 evaluation dataset, in the CCV approach all SDMs are fitted at each split-sample 256 iteration using the same training and test sets for all species, thus minimizing the risk 257 of bias in the evaluation data (i.e. if the training and test sets differ across species, as 258 in the ID approach). This repeated cross-validation also allows the 259 estimation/simulation of confidence intervals for community predictions instead of 260 just a single value per community. To our knowledge, no study used this community 261 cross-validation method so far. 262 To compare the community model performance among thresholding techniques and 263 modelling pathways, we calculated eight different community agreement metrics: 1) the 264 deviation of the predicted from the observed species richness (SR.deviation), 2) the 265 proportion of species correctly predicted as present (community sensitivity), 3) the proportion 266 of species correctly predicted as absent (community specificity), 4) community accuracy 267 (PCC; i.e. the percent correctly classified species, present or absent), 5) the community TSS 268 (here measured for a site across all species, rather than for a species across all sites as in 
Correlation of single species and community evaluation metrics 272
For each combination of dataset, modelling pathway and thresholding method (4 x 3 x 9 = 273 108) we calculated the average evaluation metric for all five single species metrics and all 274 seven community metrics. We then calculated the Spearman correlation of all possible combinations of our five single species and seven community evaluation metrics. The 276 resulting correlation matrix tells us if methods (modelling pathways or thresholding methods) 277 that yield the highest scores in a certain single species metric also yield the highest score in 278 the corresponding community evaluation metric. Table S3 ). Despite their differences in site SR, prevalence 285 distribution and species pool the average performance of individual SDMs was similar across 286 all taxa (Table 1, Table S3 ). Additionally, the often reported effect of species prevalence on 287 model performance was only marginal in our study, with rare and common species having 288 similar average model performance within a given taxonomic group (Fig. S3 ).
279
RESULTS
280
Performance of individual SDMs
289
Correlation of single species and community evaluation metrics 290
The correlation between the single species and corresponding community metrics was highest 291 (cor > 0.93; to be even lower, with the exception of Kappa versus Sørensen ( Table 2 ).
The deviation in species richness between observed and predicted communities was strongly dependent on the chosen thresholding method (Fig. 3) . The thresholding approach that uses 300 the average predicted probability (AvgProb) showed the highest amount of over-prediction 301 followed by the combined sensitivity and specificity approach (Max.TSS). The other three 302 thresholding methods (Obs.Preval, Max.Kappa and pS-SDM+PRR) performed very similar 303 and showed overall no tendency to over-predict species richness. There were no significant 304 differences between the three modelling pathways for any of the studied taxa (Fig. 3) . The 305 absolute number of over-predicted species was strongly related to the average number of 306 species per plot (SR) and therefore differed among the taxa (Fig. 3 ). However, when corrected 307 for the differences in SR the over-prediction did not significantly vary anymore across taxa.
308
The compositional similarity (Sørensen similarity index) varied significantly both among 309 thresholding techniques and modelling pathways (Fig. 4 ). The compositional similarity was 310 expectedly always much higher with the "single species cross-validation" (SSCV) pathway 311 compared to the "independent data" (ID) or the "community cross-validation" (CCV) 312 pathways, which both performed similarly. There was also a strong interaction between 313 modelling pathway and thresholding technique. Using the SSCV pathway, thresholding by 314 Obs.Preval and by Max.Kappa performed better ( Fig. 4 ). However, if independent sites were 315 available for the community evaluations (ID and CCV pathways), the community based 316 approaches (pS-SDM+PRR) performed better than the Obs.Preval and Max.Kappa thresholds 317 (Fig. 4) . The similarity between predicted and observed communities was higher in the two 318 insect datasets than in the two plant datasets (Fig. 4) , which is likely due to the lower number 319 of insect species compared to plant species modelled. Surprisingly, the most established 320 thresholding methods for single species SDMs based on sensitivity and specificity (i.e. more of the other thresholding method always ranked above them, both for community 323 composition and for species richness.
Do the most established thresholds for single species work as well for community 326 predictions? 327 In this paper, we asked if the most established methods for single species thresholding are 328 also the optimal choice for making predictions at the community level and if there is a direct 329 link between the individual species predictions and the corresponding community metrics.
330
Our results confirm the existence of such a link for single-index based metrics such as 331 sensitivity, specificity and accuracy. However, these results should be interpreted with caution 332 as maximising sensitivity or specificity can simply be achieved by predicting the species as 333 present or absent (respectively) everywhere. In our study system, most of the modelled 334 species have a low prevalence (i.e. are absent at most sites), thus accuracy (PCC) can often be 335 improved by predicting the species as "absent" nearly everywhere. 336 The two most commonly used community evaluation metrics, Sørensen similarity index and 337 deviation in species richness, were only weakly correlated with most evaluation metrics used 338 for individual species. The most established thresholding methods for individual species 339 predictions (i.e., Max.TSS, Opt.ROC, SenSpec) did show lower performance when applied to 340 community-level predictions. This is likely due to the fact that both TSS and ROC try to find 341 the best trade-off between sensitivity and specificity (Guisan, Thuiller & Zimmermann 2017).
342
As most of the species have a prevalence far below 50% (i.e., are absent in many more sites 343 than present), adding a few more presences might have a big effect on the sensitivity (by 344 increasing the chance of finding the few real presences) but only marginally affects the 345 specificity. By definition, increasing sensitivity also increases TSS, but with the drawback of Table 1 : Basic statistics of the data sets used for the case study and the evaluation metrics (AUC) for the individual species distribution models using the three different community evaluation approaches. SSCV = Single species cross-validation, ID = Independent data, CCV = Community cross-validation to the performance of the SDMs (i.e., as measured by AUC) for the four studied data sets (taxa). 
